The usual approach to wage discrimination asks whether certain individuals receive lower wages for the same level of productivity characteristics. The reverse approach asks whether these individuals are more productive given the same wages. When these hypotheses are tested one seems to arrive at incompatible conclusions. To circumvent speci cation problems, nonparametric techniques were used to estimate Canadian malefemale wage/experience pro les. The ndings indicate that, when the correct functional form is speci ed and the e ects of childrearing activities are controlled for, there exists a wage/experience gap favouring men regardless of the approach, suggesting that the paradox may be simply an artifact of misspeci cation.
Introduction
An empirical puzzle which has received considerable attention in the labour economics literature is the so-called reverse regression problem. The usual or direct de nition of discrimination is that certain individuals (say, women) having in common some demographic characteristic earn less than other persons with the same productivity characteristics. With respect to male-female wage di erentials, most studies from a direct perspective (see Gunderson (1989) for an extensive survey) have concluded that women earn substantially less than comparable men. The reverse de nition, proposed by Roberts (1980) , is that to earn an equal wage, members of the discriminated group must be endowed with a superior set of productivity characteristics. The puzzle is that the empirical evidence from the reverse approach points to women (or other supposedly disadvantaged groups) having lower levels of productivity for the same wage.
A number of reasons have been suggested for this apparent paradox, but the empirical evidence is not overwhelmingly supportive of them. Solon (1983) demonstrated that measurement error can lead to an apparent paradox. If a reseacher omits or poorly measures a productivity characteristic which is correlated with the demographic characteristic of interest a classical errors in variables bias can result. However, authors such as Kamalich and Polachek (1982) who have used instrumental variables estimators to circumvent the problem report that the corresponding parameter estimates di er little from least squares estimates. Goldberger (1984) showed that an apparent paradox can occur even without measurement error if members of one group have both lower mean productivity characteristics and wage levels. (Note that this can be seen as an omitted variables problem if the lower means are explicable by some excluded variables.) Similar arguments have been made by Weisberg and Tomberlain (1983) who focused on the e ects of uncontrolled heterogeneity and Cain (1986) who considered the e ects of nonrandom sampling. Goldberger suggested running a series of regressions using various measures of productivity as dependent variables to check restrictions that are needed to argue that reverse regression is at all meaningful. Green and Ferber (1984) did this using data on salaries and quali cations of university professors. Although they argued that the reverse regression approach yielded biased results, their results are mixed and do not provide conclusive evidence against the reverse regression approach.
Two things stand out with respect to the empirical work on reverse regression. First, with hardly an exception all of the research has been conducted using linear speci cations. Recent research by Murphy and Welch (1990) has indicated the presence of extensive nonlinearites in wage/experience pro les. They suggest that the pro les are at least cubic and possibly quartic. An implication is that the previous studies may have made false inferences regarding wage discrimination although most studies from the direct approach have included second order terms. Second, the empirical studies have generally not controlled for the possible heterogeneity of the subjects which can lead to a form of omitted variables bias. In the next section we construct a quite plausible model where a misspeci ed regression function and heterogeneity result in spurious inferences from a reverse approach.
With these points in mind, the object of the study was to select a group of individuals who, apart from gender, were as closely matched as possible and to estimate the direct and reverse regression functions using estimators which were robust to functional form speci cation. It was felt that this should minimize the e ects of heterogeneity and model speci cation. The discussion is organized as follows. The next section reviews some of the literature on wage discrimination with particular emphasis on reverse regression and discusses some of the issues involved with model speci cation. Section 3 presents the data used for estimation. A fairly large data set has been constructed from the Canadian Survey of Consumer Finances so as to hold constant a wide array of conditioning factors. Section 4 discusses the nonparametric estimators employed and a few technical issues. Section 5 reports the estimation results and Section 6 concludes.
Discrimination and Model Specification
Discrimination has been the focus of a large number of empirical studies by economists using various income measures and conditioning variables and a wide variety of occupational categories and social groups. Two good surveys are Cain (1986) and Gunderson (1989) . The latter provides a summary of the common ndings of those who have used direct regressions. As concerns this study the two most important conclusions are that women generally earn substantially less than comparable men and that this gap decreases for more narrowly de ned occupational and social groups.
The basic criticism of a direct approach is that most productivity skills are either endogenous or measured with error and hence least squares estimates of the direct regression functions are biased although Mroz (1987) provides evidence that working experience is not endogenous once sample selection corrections are made. Light and Ureta (1990) have shown that there is considerable measurement error in conventional measures of experience. From a reverse approach, most of the papers have concluded either that men must be more productive to earn the same wage or that the gap between men and women is not statistically signi cant. Such are the ndings of Roberts (1980), Conway and Roberts (1983) and Kamalich and Polachek (1983) . (It is worth noting that, as Goldberger (1984) showed, although the direct approach may tend to overestimate the wage gap, the reverse approach will tend to underestimate it.)
It is useful to consider what the direct and reverse regressions represent; this can help to suggest functional forms for these relationships and help interpret the meaning of the estimates which, after all, represent reduced forms. From a direct approach, the empirical research has for the most part been based on a Mincer type model of human capital formation whereby a representative worker accumulates human capital during the rst part of the life cycle and lets it deteriorate as he or she ages. With wages driven by the supply side of the market the result is a quadratic speci cation for the wage/experience (or age or education) pro le. With respect to the e ects of heterogeneity, suppose that one were to select individuals in an occupational group requiring skills that were not correlated in any direct way with gender. In comparing male-female pro les, there would still remain some residual heterogeneity associated with childrearing activities.
One of the problems with the reverse regression literature is the lack of a formal model which would explain why it is interesting to have productivity as the dependent variable and wages as the conditioning variable. The justi cation (apart from the statistical argument that the productivity variables are invariably measured with error) is largely intuitive in nature and based on the reasoning that, in the presence of discrimination, one would \expect" women to be more productive to earn the same wage. There is, however, no a priori reason to expect this regression to be linear nor to be the same for individuals with di erent non-market activities such as child-rearing.
The explanation for the reverse regression paradox we have explored is that the con icting results may be explained by a combination of incorrect functional form and improper selection of control variables. With respect to functional form issues, the studies on reverse regression have used simple parametric speci cations. As Berndt (1991) points out, if the underlying utility and production functions are nonlinear, one should hardly expect that the regression functions representing market clearing relationships to be any less nonlinear. As stated, Murphy and Welch's (1990) results point to substantial nonlinearities in wage/experience pro les.
The other consideration is that the reverse regression studies have not adequately controlled for various social characteristics of the subjects as Weisberg and Tomberlain (1983) and Cain (1983) have implicitly argued. It does not seem very interesting to compare the wage/experience pro les of men and women who spend very di erent lengths of time in childrearing or, viewed in a di erent way, may have very di erent reservation wages. A random sample from the general population may be seen as too inclusive if one only wants to compare individuals with similar childraising responsibilities. The estimates reported in the following sections controlled for these in varying ways.
It is useful to consider a simple statistical model to see the relationship between the direct and reverse regression functions and the e ects of possible misspeci cation. Suppose that the direct regression function is quadratic so that Suppose that women in general have lower experience and wage levels than men (say due to childraising responsibilities). In particular, suppose that observations on males are clumped together at the top part of their curve while the females are clumped together at the bottom of their curve. (All these assumptions can be relaxed.) The graph of (2.1) is in Figure 0a . Despite the nonlinearity, a linear speci cation with a shift variable for gender would provide a reasonable t to the data and the least squares estimate of the coe cient on the gender variable would tend to be the right sign. The linear plots in Figure 0a correspond to least squares projections of wages on experience and gender where the male observations are generated in a neighbourhood of experience equal to 1.1 and the female observations are generated in a small neighbourhood equal to 0.2: 2 From a direct approach, the vertical di erence between the two linear projections is about the same as the true di erence.
Unfortunately, unless one makes very strong assumptions concerning the joint distribution of the observables, one cannot derive the form of reverse regression from that of the direct: 3 To make any statements it is necessary to make some strong assumptions and/or be content with approximate results. One useful exercise is to consider a limiting situation where one is able to control for all sources of heterogeneity in the wage equation apart from that due to experience and gender.
In this case, as illustrated by the curves in Figure 0b , the reverse regression functions are simply the inverse functions of the same wage/experience pro les. By construction these are second order. Note that there is no paradox (as there cannot be with no heterogeneity). To earn a given wage women are required to have greater experience. However, suppose a linear speci cation of the form
is tted to the data where u i is a residual. In general this cannot be interpreted as the conditional expectation of experience and 2 will not correspond to the expected di erence in experience levels of men and women given their wages. Equation (2.2) may be interpreted as the projection of experience on wages and gender in which case 2 may be written as the probability limit of its least squares estimate which is where yf , y , xf and x refer to mean wage and experience levels of women and the overall population, xy denotes the covariance of X i and Y i and denotes the proportion of women in the population. From the Cauchy-Schwartz inequality the denominator is positive and 2 could be positive or negative regardless of the value of 3 in (2.1). (Apart from the covariances) 2 depends on the marginal distributions of wages and experience. If these in turn depend on other factors such as child rearing responsibilities, 2 may be a very misleading measure of discrimination. In fact, using the same data as for Figure 0a , a linear speci cation leads to a paradox as evidenced by the graphs of the linear projections in Figure 0b . In this case the paradox arises from a combination of incorrect functional form and the di erences in the distributions of experience and wages conditional on gender.
It should be added hastily that for convenience we have supposed that it is the direct regression that is correctly speci ed and that an identical argument could be made to invalidate the direct regression approach. The natural question from a researcher's perspective is what approach should be judged as more reliable. Although nothing de nitive can be said in this regard, a good model should be able to pass a number of speci cation tests, in particular with respect to functional form and omitted variables. Results from these tests should aid a researcher in accessing the validity of one or the other approaches. What this example (and the results in this paper) should illustrate is the importance of verifying that one has a correctly speci ed model.
One other consideration is with respect to the measure of productivity used in the study. Reverse regressions have been estimated using single and multiple indices. With the former a single productivity index is constructed from the observed productivity variables and this is used as the dependent variable in a reverse regresssion. Conway and Roberts suggested constructing such an index from the tted values from the regression of the wage variable on the productivity characteristics. This generated variable is then regressed on wages and the gender variable to get the reverse regression results. (If there is just one productivity characteristic this is equivalent to running a regression of it on the wage variable and gender.) A similar exercise could be done from a nonparametric approach. However, such an exercise, even from a parametric approach, seems to have a large black box element to it and the properties of the resulting estimates are not evident.
The multiple index approach, used by Kamalich and Polachek (1982) , considers the regression of each of the productivity characteristics on the wage variable, the remaining productivity characteristics and gender. This approach avoids the problems of constructing a productivity index. On the other hand, when this approach is used, it is not clear that the estimated coe cients have any interesting meaning. As discussed by Cain (1986) , productivity may depend jointly on many factors each di ering by their correlation with group status. It may or may not make sense to single out one of these as a good index of productivity for the purposes of reverse regression.
These problems are avoided in this paper by considering only one conditioning variable, potential experience. This also has the obvious advantages of parsimony. When one productivity characteristic is singled out as central it is generally potential experience (number of years potentially in the work force) which is seen as a proxy for human capital. Another reason for using potential experience is that to the extent that it poorly measures human capital, this di erence, at least with respect to gender di erentials, is largely attributable to the time invested by the latter in child raising activities. The measurement errors and/or omitted variables problems associated with other measures of productivity, such as education and job tenure, would seem more di cult to control for.
Data Description and Variable Construction
The data consisted of 1456 observations on private sector administrators aged 18-65 drawn from the 1985 Canadian Survey of Consumer Finances (SCF). There were a number of reasons for using this data set. First, the SCF is large enough to allow for nonparametric estimation with some precision. It is also fairly rich with respect to the information contained on each individual, including extensive demographic background, job tenure and other employment history. On the practical side, the SCF is easily obtained and contains relatively few abherrent observations.
In a study of discrimination it is important to control for as many productivity characteristics as possible. The SCF also contains data on 12 other areas of employment including construction, transport, and education. It was felt that male and female administrators would be the most comparable in terms of those productivity characteristics which are required for their positions and that these would not be correlated with gender or ar least less so than with respect to the other job classi cations. The sample only included urban dwellers and those fully employed for the entire year. The criteria also has the e ect of excluding most union members and others whose salaries may be subject to institutional constraints. As with any study, inferences should be made only with respect to the population from which the sample has been drawn. This would seem to be an interesting population, however, and inferences drawn on it should have wider applicability.
The principle variables used in estimation were (log) wages and experience. Wages were calculated as the sum of annual salary and wage income divided by weeks worked. The experience variable was calculated using the \Mincer identity" of age less years of education less six. This measure of experience is awed and the implications may be severe for studing wage-gender di erentials given the predominant role of women in child raising. The impact of this problem should be reduced by selective sampling.
Estimation techniques
The regression functions of interest are either the mean of (log) wages given experience and gender or experience given (log) wages and gender. The parametric models were estimated using ordinary least squares. With respect to nonparametric approaches there are now a number of estimators, such as nearest neighbours, kernels and series whose basic asymptotic properties have been well established in the statistics and econometrics literature. There is little to di erentiate these estimators in terms of their asymptotic properties. Kernel estimators were used basically because they are easily calculated and seem to have relatively good nite sample properties.
Kernel estimators were initially developed and their properties derived for models with continuously distributed regressors. Bierens (1989) , however, has shown that the basic properties of kernel regression estimators hold when some or all of the regressors are discretely distributed. (In fact, the resulting estimators, which may be thought of as smoothed regressograms, will have faster rates of convergence than if all the regressors were continuously distributed.) Standard formulas from the literature are used to make statistical inferences. A few speci c comments should be made with respect to the estimation techniques employed. Gender is a conditioning variable in each of the regressions and is a discrete random variable. Bierens demonstrated that when some of the conditioning variables are discrete the resulting kernel estimators are asymptotically equivalent to those that would have resulted if separate regressions were estimated at each of the mass points of the discrete variables, conditioning only on the continuous regressors. This result is used to simplify the calculations. By running separate regressions for males and females the dimensionality (with respect to the number of regressors and sample sizes) is greatly reduced, resulting in much faster estimation. This result also implies that limiting the sample to, say single individuals, is equivalent to estimating the regression function of interest with marital status and conditioning only on those who are single.
Apart from these considerations, the estimations were quite standard. A separable normal density function was used as the kernel or weighting function. The window widths were chosen using the rule of thumb from Silverman (1988) such that i = s i N ?1=(4+q) where s i is the sample standard deviation of variable i. This is quite simple and optimal under certain conditions. The choice of window width is obviously somewhat subjective, but all the results to be reported in the paper were quite robust to various choices including cross-validation. The same regressions were estimated using cross-validated window widths, but these exhibited large amounts of sample variability. This was an important consideration in our study since we wanted to compare a number of di erent regression functions.
The following section considers the di erence of estimates of the male and female regression functions at distinct points. Since these were drawn from di erent samples the variance of their di erence is equal to the sum of their variances. The asymptotic variance of a kernel regression estimateĝ(x) is given by Semiparametric estimates of the various regression functions were also calculated based on preliminary kernel estimates such as in 4.1 and will be further discussed below. A nal nonparametric approach appropriate in this situation is to compare simple di erence in means and this will also be discussed below.
Estimation Results
The logical rst step was to consider benchmark parametric estimates to see whether there actually appeared to be a reverse regression paradox based on the speci cations
and
The presentation is largely graphical since (with the nonparametric and semiparametric estimators) this often better indicates the presence of nonlinearities. Plots of the least squares estimates of the regression functions are in gures 1a and 1b. These would support the presence of a paradox. While the direct approach suggests a wage gap favouring men, the reverse regression pro les indicate that women require less experience to earn the same wage. This is re ected in the estimates of -0.45 (which is interpretable as a 45% wage gap favouring men) for the coe cient on the dummy variable in the direct regression and -1.32 in the reverse regression (so that men require more than a year of additional experience to receive the same wage.) (The estimates and standard errors are in Table 4 .) Both of these estimates are statistically di erent from zero at traditional signi cance levels.
It is interesting to consider a couple of misspeci cation tests. Included in Table 4 are the values of a second order RESET test for functional form 4 and two omitted variable tests for marital status and children. The test statistics are very high for both direct and reverse regressions and would lead one to reject the null hypothesis of correct speci cation.
One alternative to using a nonparametric approach would be to experiment with various functional forms. However to do so raises the issue of pre-testing and one risks the chance of choosing an incorrect functional form simply because it may t the particular data set fairly well. To the extent that the form of the kernel estimator is independent of the data set employed, it does not su er from this problem. From a nonparametric perspective the direct and reverse regressions corresponding to 5.1 and 5.2 may be written Figure 2a plots nonparametric estimates of the direct regressions of (log) wages on experience for women and for men. There is nothing surprising about the two ts: in both cases the conditional mean functions have the general quadratic shape predicted by Mincertype human capital models. The graphs clearly indicate a wage gap in men's favour. The vertical di erence between these two graphs at the overall mean of experience (18.42) is -0.49. This is statistically signi cant (see Table 1 ) at the 5% level and comparable with the least squares estimates. The nonparametric plot of the reverse regression of experience on wages seems ambiguous. Both the curves have a quasi-quadratic t consistent with the direct regression but the curves cross repeatedly and the evidence seems inconclusive. However, although the vertical di erence between these two curves at the mean of (log) wages (6.26) is negative (-0.83), this distance is smaller than with the least squares t and is statistically insigni cant at the 5% level.
What explains the ambiguity? Although many demographic and employment factors have been held constant, the sample does not control for childrearing which may have numerous e ects on wages and experience. One weakness of the experience measure is that it overlooks the time lost to human capital formation during childraising and this is a bias almost entirely on the female side. To the extent that it serves as proxy for expected productivity it also overestimates the length of time women, on average, can be expected to retain their employment. A further complication is that if reservation wages and childrearing activities are correlated with reservation wages and experience then there will be a natural tendency for those with high childrearing responsibilities to have both higher wages and higher experience levels. (Experience as de ned here; true working experience and children should be negatively correlated.) At any rate, the biases involved will be greater to the extent that women have been either engaged or be expected to be engaged in childrearing.
A natural step is to control in some way for childrearing. One obvious way to do so is to limit the sample to childless individuals. (A weakness of the SCF is that it only contains information on children under 25 and hence older individuals will generally have unreported children. With this in mind individuals over 43 were also left out of the childless sample.) The resulting regression estimates are plotted in Figures 3a and 3b . The shape of these graphs remains the same as in Figures 2a and 2b although the reverse regression paradox is basically eliminated. The vertical di erence between the direct regression functions is substantially less than the previous two cases (-0.20) . (This narrowing is consistent with other research.) It is also statistically signi cant. The vertical distance between the reverse regression functions at the mean of log wages is positive (0.92) which would indicate that there is a wage gap regardless of how this is measured. This is not statistically signi cant however and there is still some ambiguity.
Because there is still some ambiguity we considered the e ect of eliminating those with a positive probability of having children in the future. Figures 4a and 4b plot the appropriate regression functions for childless individuals 30 and over. The reverse regression paradox is completely eliminated in this case. The vertical distances between the direct and reverse regression functions at the mean of the data are -0.37 and 1.06 respectively and both of these distances are statistically signi cant. From a economic perspective it is quite remarkable that the while the wage gap remains roughly the same as one goes from the complete sample to this one, there is a net change in the experience gap of almost two years.
An alternative to purely nonparametric pointwise estimates is to assume that gender only e ects the intercept of the wage/experience pro les. While this may introduce some bias, (most studies have indicated that the gap increases over time as do the nonparametric results) it does result in Estimation of and is done in two steps. The unknown conditional means are rst nonparametrically estimated. These are then substituted for the unknown functions and least squares is used to estimate and which in this case correspond to the appropriate partial derivatives. Robinson (1988) has shown that these estimates are asymptotically equivalent to those were the true conditional mean functions used in estimation.
The results are plotted in gures 5 through 7 and correspond to the purely nonparametric estimates of gures 2 through 4. As should be expected they look like combinations of the male-female pro les except that they have been constrained to be parallel. The estimates of the direct regression functions tell basically the same story as the purely nonparametric estimates.
However, the plots of the reverse regression functions are substantially di erent. Eliminating the ambiguity with the full sample results in an apparent paradox. A natural conjecture is that by force of numbers women with low wages and low experience levels are dominating the estimates.
Estimating only with childless individuals eliminates the paradox, at least graphically. The estimate of in this case is 0.58 although this is not statistically signi cant at the 5% level. When those under 30 are eliminated from the sample this nding is reinforced. The experience/wage pro le of women is clearly above that of men, the di erence amounting to 1.07, although this is not quite signi cant at the 5% level. Another (5.10) These are estimated using the sample di erence of means and are reported in Table 3 . With the entire sample there is indeed a paradox as is consistent with Figure 2 despite the ambiguity implicit in that graph. This may simply re ect that, on average, men have higher wages and more experience than women. When only childless individuals are retained in the sample there is a slight paradox, but this is not statistically signi cant. When those under 30 are eliminated the paradox is reversed.
A nal exercise is to use the nonparametric results to suggest functional forms for the various relationships and reestimate parametric models. While this may introduce some bias if these functional forms are not correct, it has the advantage of yielding p N-estimates and easily interpreted results. The graphs and tests from the nonparametric estimations would appear to imply that the wage/experience pro les are roughly quadratic and that allowances should be made for childrearing e ects. (It should be admitted that one does not need very sophisticated nonparametric techniques to suggest a quadratic form for the direct regression.)
The plots in Figure 8 correspond to estimates of quadratic parameterizations of the direct and reverse regressions. Simply increasing the order of the polynomial does not completely eliminate the reverse regression paradox, but does reduce it substantially. In Figure 8a the wage gap is comparable to the other estimates (the coe cient estimate on gender is -0.44 and statistically signi cant). From a reverse perspective (Figure 8b ) there would still appear to be a paradox, although the coe cient on gender is less, in an absolute sense, than with the linear speci cation (-0.97) and the standard error is larger. Figure  10 plots wage/experience pro les for childless individuals based on the same quadratic speci cation. The paradox is eliminated in this case. Moreover, when those under 30 are purged from the sample, as evident from gures 12a and 12b, the extent to which the paradox is eliminated is even more striking. It is also interesting to see whether this reversal of the paradox is due to functional form or sample selection. Figures 9 and 11 show linear plots for the same samples. In these cases the paradox is also reversed, but not in such a pronounced way. One would conclude that the problem is due to both factors. Note that the RESET speci cation tests generally indicate that the regressions are at least second order. Applied to the quadratic models, when sample selection corrections are made, they would not indicate higher order terms are needed as suggested by Murphy and Welch.
One of the objectives of the research was to see how the results changed when the analysis was limited to childless individuals. Another common way to control for children is to restrict the sample to single individuals. (This also permits retaining individuals over 43.) The results, also summarized in Tables 1{4 were quite similar to those for childless individuals although the estimates were somewhat less precise. In both cases, as more closely matched individuals are compared, the reverse regression paradox seems to be eliminated: 5;6 6. Conclusion
The purpose of this study has been to use a number of robust regression estimators to explore whether they can shed any new light on the wage and/or experience gaps between men and women. The direct regression estimates are compatible with previous results in the literature although an examination of the various nonparametric and semiparametric graphs would support Murphy and Welch's ndings of substantial nonlinearities. This has implications for further work in the estimation of earnings equations.
The most interesting results are those from the reverse regression approach. Scanning the results in the tables one notes that the reverse regression problem generally occurs for groups of men and women where there is substantial heterogeneity with respect to childrearing activities. When this is controlled for the problem seems to evaporate. The estimates would thus tend to support the hypothesis that with a properly speci ed model and closely matched individuals the same conclusions are obtained regardless of whether a direct or reverse approach is used.
From a methodological perspective, the results in the paper demonstrate how nonparametric techniques can be used to illuminate some aspects of a data set which may be obscured by traditional parametric methods. The results also underscore the more general point that researchers should pay careful attention to the problems of model speci cation. The underlying models underlying most data employed by most researchers in economics are often nonlinear and the sampling methods are often nonrandom. Ignoring these issues can easily lead to missleading inferences. The male experience levels were generated as Uniform(1.099,1.101) and the females as Uniform(0.199, 0.201) . The linear projections were calculated from Monte Carlo integration.
3. For example, if the joint distribution of the observables are in the elliptic family (of which the normal and student's t are two members) then both regression functions will be linear, but that is untenable assumption in this case.
4. The residuals from (5.1) and (5.2) were regressed on the initial regressors, the squared and cubed values of the tted values.
5. The selective samples were created symmetrically in that only childless (or single) men and women were included. One way to check the robustness of the results is to reestimate treating all men as childless (or single). As could be expected the results were somewhat more ambiguous, although in general they were consistent with the previous discussion.
6. The results in this paper have focused on one conditioning variable. It is also of interest to see to what extent the methods used here can solve the paradox in other contexts where other variables are used as measures of productivity. Unfortunately the obvious alternatives such as job tenure and education are categorical variables in the SCF and hence poorly measured. As an alternative, we repeated the regressions reported here using age as the dependent variable. Although age has the disadvantages of being a questionable proxy for productivity and is quite similar to the experience variable used here, it is at least measured quite accurately. The results were very similar to those using the experience variable and are not reported here. New York, 1988 Solon, G., 1983 , Errors in variables and reverse discrimination in the measurement of wage discrimination, Economic Letters, 393{396 Weisberg, Herbert I. and T.J. Tomberlin, Statistical evidence in employment discrimination cases, Sociological Methods and Research, 11, 381{406, 1983 
